US009224104B2

a2z United States Patent (10) Patent No.: US 9,224,104 B2
Lin et al. 45) Date of Patent: Dec. 29, 2015
(54) GENERATING DATA FROM IMBALANCED %8}%; 8832?(5)5 :} 3%8% gﬁan_g et 1111~
arl et al.
TRAINING DATA SETS 2014/0257122 Al* 9/2014 Ongetal. .....cccoceveeene 600/515
(71) Applicant: International Business Machines OTHER PUBLICATIONS

Corporation, Armonk, NY (US
P Us) Chen et al. “A Novel Differential Evolution-Clustering Hybrid

(72) Tnventors: Ching-Yung Lin, Scarsdale, NY (US); Resampling Algorithm on Imbalanced Datasets”, KDD, 2010, pp.

. x s . R 81-85.*
Wan-Yl Lln., White Plains, NY (US); Hong et al., “A Kernel-Based Two-Class Classifier for Imbalanced
Yinglong Xia, Rye Brook, NY (US) Data Sets,” IEEE Transactions on Neural Networks, vol. 18, No. 1,
Jan. 2007, pp. 28-41.
(73) Assignee: International Business Machines Esfandi, “Efficient Anomaly Intrusion Detection System in Adhoc
Corporation, Armonk, NY (US) Networks by Mobile Agents,” 2010 3rd IEEE International Confer-

ence on Computer Science and Information Technology (ICCSIT),
(*) Notice:  Subject to any disclaimer, the term of this Jul. 2010, pp. 73-77. i
atent is extended or adiusted under 35 Klement et al., “Dealing with Severely Imbalanced Data,” Proceed-
b J ings of the PAKDD 2009 Workshop on Data Mining When Classes
U.S.C. 154(b) by 267 days. are Imbalanced and Errors Have Costs (ICEC’09), Apr. 2007, 12
pages.
(21) Appl. No.: 14/034,797 (Continued)

(22) Filed: Sep. 24, 2013 . . .
Primary Examiner — Li-Wu Chang

(65) Prior Publication Data (74) Attorney, Agent, or Firm — Yee & Associates, P.C.;
Anne Dougherty
US 2015/0088791 Al Mar. 26, 2015
(51) Int.CI 57 ABSTRACT
GO6F 15/18 (2006.01) Injecting generated data samples into a minority data class of
GOG6N 99/00 (2010.01) an imbalanced training data set is provided. In response to
(52) U.S.CL receiving an input to balance the imbalanced training data set
CPC oo GO6N 99/005 (2013.01)  thatincludes amajority data class and the minority data class,
(58) Field of Classification Search a set of data samples is generated for the minority data class.

A distance is calculated from each data sample in the set of
generated data samples to a center of a kernel that includes a
set of data samples of the majority data class. Each data

None
See application file for complete search history.

(56) References Cited sample in the set of generated data samples is stored within a
corresponding distance score bucket based on the calculated
U.S. PATENT DOCUMENTS distance of a data sample. Generated data samples are
) selected from a number of highest ranking distance score
g’igg’ggg g é Z; %88 é ghllloil;t al. buckets. The generated data samples selected from the num-
5 B arr € . . . . .. .
7558764 B2 7/2009 Abe et al. ber of hlghest ranking distance score buckets are injected into
7.949.622 B2 52011 Sellamanickam et al. the minority data class.
2005/0228783 Al  10/2005 Shanahan et al.
2009/0097741 Al*  4/2009 Xuetal ....coceoinnnee 382/159 20 Claims, 6 Drawing Sheets
EXPECTATION
MAXIMIZATION ALGORITHM
302 300
\
CALCULATE LIKELIHOOD OF a Ny |v.S)
GENERATED POSITIVE DATA w = my Mg
SAMPLES BEING INCLUDED IN mjij J
AMAJORITY DATA CLASS 2 o, | 451 308
N Ll
1 r LOCAL o
= — W,
= O L cowure |
M Nmy Yy, | ————
UPDATE PARAMETERS _ =1 2 i [ ™ SYNCHRONIZATION _}
a M AND 8, OF EACH j My Nmy | ACROSS ALL PROCESSORS |
GAUSSIAN KERNEL m L=t N
v 306
304 e S P T~
5= T 2 i) Uy I____CBMP"EE____}
___________ i=1 'R
r 1 308
| PRESUMPTION: I
I Y, ARE1Ld. FORALL] :
L - _ J
A



US 9,224,104 B2
Page 2

(56) References Cited

OTHER PUBLICATIONS

Curry et al., “Scaling Genetic Programming to Large Datasets Using
Hierarchical Dynamic Subset Selection,” IEEE Transactions on Sys-
tems, Man, and Cybernetics—Part B: Cybernetics, vol. 37, No. 4,
Aug. 2007, pp. 1065-1073.

Tax et al., “Uniform Object Generation for Optimizing One-class
Classifiers,” Journal of Machine Learning Research, vol. 2, Dec.
2001, pp. 155-173.

Xia et al., “Fault-Tolerant EM algorithm for GMM in Sensor Net-
works,” Proceedings of The 2005 International Conference on Data
Mining (DMIN 2005), Jun. 2005, pp. 166-172.

Kumar et al., “Fast Parallel Expectation Maximization for Gaussian
Mixture Models on GPUs Using CUDA,” Proceedings of 1 1th IEEE
International Conference on High Performance Computing and
Communications (HPCC’09), Jun. 2009, pp. 103-109.
Chawlaetal., “Editorial: Special Issue on Learning From Imbalanced
Data Sets,” ACM SIGKDD Explorations Newsletter, vol. 6, No. 1,
Jun. 2004, pp. 1-6.

Kotsiantis et al., “Mixture of Expert Agents for Handling Imbalanced
Data Sets,” Annals of Mathematics, Computing & Teleinformatics,
vol. 1, No. 1, Jan. 2003, pp. 46-55.

Kubat et al., “Addressing the curse of imbalanced training sets: One
sided selection,” Proceedings of the 14th International Conference on
Machine Learning (ICML 97), Jul. 1997, pp. 179-186.

Chawla et al., “SMOTE: Synthetic Minority Over-sampling Tech-
nique,” Journal of Artificial Intelligence Research, vol. 16, No. 1, Jan.
2002, pp. 321-357.

Zheng et al., “Feature Selection for Text Categorization on Imbal-
anced Data,” ACM SIGKDD Explorations Newsletter, vol. 6, No. 1,
Jun. 2004, pp. 80-89.

Weiss, “Mining with Rarity: A Unifying Framework,” ACM
SIGKDD Explorations Newsletter, vol. 6, No. 1, Jun. 2004, pp. 7-19.
Raskutti et al., “Extreme Rebalancing for SVMs: a case study,” ACM
SIGKDD Explorations Newsletter, vol. 6, No. 1, Jun. 2004, pp.
60-69.

Cohen, “Fast Effective Rule Induction,” Proceedings of the 12th
International Conference on Machine Learning (ICML °95), Jul.
1995, pp. 115-123.

Yang et al., “Brain Activation Detection by Neighborhood One-class
SVM,” Proceedings of the 2007 IEEE/WIC/ACM International Con-
ferences on Web Intelligence and Intelligent Agent Technology
Workshops, Nov. 2007, pp. 47-51.

Muandet et al., “One-Class Support Measure Machines for Group
Anomaly Detection,” Proceedings of the Conference on Uncertainty
in Artificial Intelligence (UAI 2013), Jul. 2013, 10 pages.

* cited by examiner



U.S. Patent Dec. 29, 2015 Sheet 1 of 6 US 9,224,104 B2

FIG. 1

PERSISTENT STORAGE 108
IMBALANCED TRAINING DATASET 118

DATA 130~ MAJORITY MINORITY | -132
PROCESSING DATA CLASS DATA CLASS
SYSTEM
100 SAMPLE DATASPACE 120
GAUSSIAN MIXTURE MODEL 134
GAUSSIAN KERNELS 136
116~,| STORAGE 140--| LABELS DATA 138
DEVICES

EXPECTATION MAXIMIZATION ALGORITHM 122

CALCULATED MAXIMUM MAHALANOBIS DISTANCE 124

CALCULATED MINIMUM MAHALANOBIS DISTANCE 126

10\4 10\6 RANKED DISTANCE SCORE BUCKETS 128
PROSEI?_SOR MEMORY DISTANCE SCORE RANGE ~_142

< COMMUNICATIONS FABRIC >

110 112 N 114
) ) 102 3"
COMMUNICATIONS UNIT INPUT/QUTPUT UNIT DISPLAY

145‘ G

COMPUTER PROGRAM PRODUCT

COMPUTER-READABLE PROGRAM CODE o144
MEDIA COMPUTER-READABLE STORAGEMEDIA  |\_150
146

COMPUTER-READABLE SIGNAL MEDIA ~_152




US 9,224,104 B2

Sheet 2 of 6

Dec. 29, 2015

U.S. Patent

9 14 4 0 Z- -
| | I |
. 'a
¢ DId 7300W FUNLXIN JONV1SId .
NVISSNYS SIGONYIVHYIN WNIININ 8l¢
702 ééé X 31dAYS VLva
) )
e e 802
N3 RENEN _z
Y¥3INTD . * M3INIO pyiSSVD
cle 9l¢
[ ¢ . — .v
202 | ,
30VdS v’ TINYIM
vLvd \/\/z<_mmp<w 4
I1dWVS . 0¢¢ —_x»
z.,wm__mv_wm_w,w_w * ATIdAVS VIVA £ vee
EINEENER) JONVLSIa
o SIGONVIVHYN WNIWININ .

002
SSAD0dd STATdAVYS Vivd A3 LVHINTD ONIMOOS



US 9,224,104 B2

Sheet 3 of 6

Dec. 29, 2015

U.S. Patent

80€
N

C  3Indwoo

90€
N

_meOmmmoomm TV SSOMD
| NOILVZINOYHONAS

T s
L vOOT

—r———=
80¢€

@m
e DHDby4 -
[177v 04 P113dY A
‘NOILdNNS3Ad
=1 w. |
1 . . N |
_ E:-Eéﬁ:-éé” —=s <
| Wy 14015
/
T —— TANYIN NVISSNVD
- Ui K e a4
! N N I HOV3 40°S aNv“r "D
B W b=l e LW SH313NVAYd 31vadn
ru [ ;EZN "
1 L= _
I .:E;NV M_Ec -
_ T
N
ooy | W YW =Y SSY10 V1va ALIMOrY ¥
s | SN0 5 fw NI G3aNTONI ONI3E STTdINVS
[T vw. rw = M= V1va JAILISOd GILVHINTD
(st _ AN o 40 QOOHITANIT ALVINOTVO
y / N
00¢ c0¢
WHLIYODTY NOILVZINIXYW
NOILY.103dX3




U.S. Patent Dec. 29, 2015 Sheet 4 of 6 US 9,224,104 B2

FIG. 4A
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FROM FIG. 4A

DISCARD, BY THE COMPUTER, DATA SAMPLES IN THE SET OF
416 ~ POSITIVE DATA SAMPLES HAVING A MINIMUM MAHALANOBIS
DISTANCE EQUAL TO OR GREATER THAN THE CALCULATED MAXIMUM
MAHALANOBIS DISTANCE FOR THE SET OF POSITIVE DATA SAMPLES

Y
GENERATE, BY THE COMPUTER, A NUMBER OF BUCKETS THAT ARE
RANKED IN DESCENDING ORDER FROM A HIGHEST DISTANCE SCORE
418 ~] BUCKET TO A LOWEST DISTANCE SCORE BUCKET, EACH BUCKET IN
THE NUMBER OF BUCKETS TO STORE POSITIVE DATA SAMPLES
HAVING A DISTANCE SCORE WITHIN A PREDETERMINED RANGE OF
DISTANCE SCORES ASSOCIATED WITH THAT PARTICULAR BUCKET

Y
STORE, BY THE COMPUTER, EACH REMAINING POSITIVE DATA
SAMPLE WITHIN A CORRESPONDING DISTANCE SCORE BUCKET
420"  HAVING A PREDETERMINED DISTANCE SCORE RANGE BASED ON

THE DISTANCE SCORE OF THE RESPECTIVE DATA SAMPLE

A

SELECT, BY THE COMPUTER, POSITIVE DATA SAMPLES HAVING A HIGH
422 DISTANCE SCORE FROM A PREDETERMINED NUMBER OF HIGHEST
RANKING DISTANCE SCORE BUCKETS IN THE NUMBER OF BUCKETS

Y
INJECT, BY THE COMPUTER, THE POSITIVE DATA SAMPLES
SELECTED FROM THE PREDETERMINED NUMBER OF HIGHEST
RANKING DISTANCE SCORE BUCKETS INTO THE MINORITY

424 -] DATA CLASS TO BALANCE A NUMBER OF POSITIVE DATA
SAMPLES IN THE MINORITY DATA CLASS WITH A NUMBER OF
NEGATIVE DATA SAMPLES IN THE MAJORITY DATA CLASS

Y

( END )
FIG. 4B




U.S. Patent Dec. 29, 2015 Sheet 6 of 6 US 9,224,104 B2

FIG. 5

GENERATE, BY A COMPUTER, A NUMBER
502~ OF GAUSSIAN KERNELS WITHIN A
GAUSSIAN MIXTURE MODEL BASED ON
GENERATED POSITIVE DATA SAMPLES

Y

CALCULATE, BY THE COMPUTER, A LIKELIHOOD

504~ | OF THE GENERATED POSITIVE DATA SAMPLES

BEING INCLUDED IN A MAJORITY DATA CLASS
OF AN IMBALANCED TRAINING DATA SET

v
UPDATE, BY THE COMPUTER, PARAMETERS OF
EACH GAUSSIAN KERNEL IN THE NUMBER OF
506~ GAUSSIAN KERNELS BASED ON THE LIKELIHOOD
OF THE GENERATED POSITIVE DATA SAMPLES
BEING INCLUDED IN THE MAJORITY DATA CLASS
OF THE IMBALANCED TRAINING DATA SET

v
ADJUST, BY THE COMPUTER, EACH GAUSSIAN
508~ KERNEL IN THE NUMBER OF GAUSSIAN KERNELS
BASED ON THE UPDATED PARAMETERS

1S
THE NUMBER
OF GAUSSIAN KERNELS
CONVERGING BASED ON THE
UPDATED PARAMETERS OF
EACH GAUSSIAN
KERNEL?

NO

 J

510
UPDATE, BY THE
COMPUTER, THE NUMBER
LIKELIHOOD HIGH OF GAUSSIAN KERNELS BY
INCREASING THE NUMBER
THAT THE GENERATED
YES OF GAUSSIAN KERNELS
POSITIVE DATA SAMPLES ARE —
BASED ON THE LIKELIHOOD
INCLUDED IN THE
MAJORITY DATA THAT THE GENERATED
CLASS? POSITIVE DATA SAMPLES
512 ) ARE INCLUDED IN THE
MAJORITY DATA CLASS
N

514



US 9,224,104 B2

1
GENERATING DATA FROM IMBALANCED
TRAINING DATA SETS

This invention was made with Government support under
Contract No.: WO911INF-11-C-0200 (Defense Advanced
Research Projects Agency (DARPA)). The Government has
certain rights in this invention.

BACKGROUND

1. Field

The disclosure relates generally to supervised machine
learning and more specifically to generating artificial data
samples for a minority data class from an imbalanced training
data set to train a multi-class classifier model of a supervised
machine learning program.

2. Description of the Related Art

Supervised machine learning programs require training
data that includes different classes of data to train multi-class
classifier models. Supervised learning is the machine learn-
ing task of inferring a function from labeled training data. A
supervised machine learning program analyzes the training
data and generates an inferred function, which is used for
mapping new examples. In supervised machine learning,
multi-class classification is the problem of classifying data
into two or more classes. Unfortunately, in many real world
applications, the available training data set is highly imbal-
anced, that is, one class of data in the available training data
set is very sparse or non-existent. In other words, a training
data set is imbalanced if the data classes are not equally
represented (i.e., one data class (a minority class) includes a
smaller number of examples than other data classes in the
training data set. For example, in anomaly detection systems
or diagnosis systems, anomalous data may be extremely dif-
ficult to collect, mainly due to the rare occurrence of such
abnormal events. Data class imbalance creates difficulties for
supervised machine learning programs and decreases classi-
fier performance. Consequently, training a multi-class classi-
fier model using a highly imbalanced training data set results
in ignorance of a minority data class.

SUMMARY

According to one illustrative embodiment, a computer-
implemented method for injecting generated data samples
into a minority data class of an imbalanced training data set is
provided. In response to a computer receiving an input to
balance the imbalanced training data set that includes a
majority data class and the minority data class, the computer
generates a set of data samples for the minority data class of
the imbalanced training data set. The computer calculates a
distance from each data sample in the set of generated data
samples to a center of a kernel that includes a set of data
samples of the majority data class. The computer stores each
data sample in the set of generated data samples within a
corresponding distance score bucket based on the calculated
distance of a data sample. The computer selects generated
data samples from a predetermined number of highest rank-
ing distance score buckets. The computer injects the gener-
ated data samples selected from the predetermined number of
highest ranking distance score buckets into the minority data
class to balance a size of the minority data class with a size of
the majority data class. According to other illustrative
embodiments, a computer system and a computer program
product for injecting generated data samples into a minority
data class of an imbalanced training data set also are provided.
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2
BRIEF DESCRIPTION OF THE SEVERAL
VIEWS OF THE DRAWINGS

FIG. 1 is a diagram of a data processing system in which
illustrative embodiments may be implemented;

FIG. 2 is a diagram illustrating an example of scoring data
samples in accordance with an illustrative embodiment;

FIG. 3 is a diagram illustrating an example of an expecta-
tion maximization algorithm for estimating parameters of a
Gaussian mixture model in parallel in accordance with an
illustrative embodiment;

FIGS. 4A-4B are a flowchart illustrating a process for
injecting generated data samples into a minority data class to
balance an imbalanced training data set in accordance with an
illustrative embodiment; and

FIG. 5 is a flowchart illustrating a process for determining
a number of Gaussian kernels within a Gaussian mixture
model in accordance with an illustrative embodiment.

DETAILED DESCRIPTION

As will be appreciated by one skilled in the art, aspects of
the illustrative embodiments may be embodied as a computer
system, computer-implemented method, or computer pro-
gram product. Accordingly, aspects of the illustrative
embodiments may take the form of an entirely hardware
embodiment, an entirely software embodiment (including
firmware, resident software, micro-code, etc.), or an embodi-
ment combining software and hardware aspects that may all
generally be referred to herein as a “circuit,” “module,” or
“system.” Furthermore, aspects of the illustrative embodi-
ments may take the form of a computer program product
embodied in one or more computer readable medium(s) hav-
ing computer readable program code embodied thereon.

Any combination of one or more computer readable medi-
um(s) may be utilized. The computer readable medium may
be a computer readable signal medium or a computer read-
able storage medium. A computer readable storage medium
may be, for example, but not limited to, an electronic, mag-
netic, optical, or semiconductor system, apparatus, or device,
or any suitable combination of the foregoing. More specific
examples (a non-exhaustive list) of the computer readable
storage medium would include the following: a portable com-
puter diskette, a hard disk, a random access memory (RAM),
aread-only memory (ROM), an erasable programmable read-
only memory (EPROM or Flash memory), a portable com-
pact disc read-only memory (CD-ROM), an optical storage
device, a magnetic storage device, or any suitable combina-
tion of the foregoing. In the context of this document, a
computer readable storage medium may be any tangible
medium that can store a program for use by or in connection
with an instruction execution system, apparatus, or device. In
addition, a computer readable storage medium does not
include a propagation medium, such as a signal or carrier
wave.

A computer readable signal medium may include a propa-
gated data signal with computer readable program code
embodied therein, for example, in baseband or as part of a
carrier wave. Such a propagated signal may take any of a
variety of forms, including, but not limited to, electro-mag-
netic, infra-red, or any suitable combination thereof. A com-
puter readable signal medium may be any computer readable
medium that is not a computer readable storage medium and
that can communicate, propagate, or transport a program for
use by or in connection with an instruction execution system,
apparatus, or device.
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Program code embodied on a computer readable medium
may be transmitted using any appropriate medium, including
but not limited to wireless, wireline, optical fiber cable, RF,
etc., or any suitable combination of the foregoing.

Computer program code for carrying out operations for
aspects of the illustrative embodiments may be written in any
combination of one or more programming languages, includ-
ing an object oriented programming language such as Java,
Smalltalk, C++ or the like and conventional procedural pro-
gramming languages, such as the “C” programming language
or similar programming languages. The program code may
execute entirely on the user’s computer, partly on the user’s
computer, as a stand-alone software package, partly on the
user’s computer and partly on a remote computer or entirely
on the remote computer or server. In the latter scenario, the
remote computer may be connected to the user’s computer
through any type of network, including a local area network
(LAN) or a wide area network (WAN), or the connection may
be made to an external computer (for example, through the
Internet using an Internet Service Provider).

Aspects of the illustrative embodiments are described
below with reference to flowchart illustrations and/or block
diagrams of computer-implemented methods, computer sys-
tems, and computer program products according to illustra-
tive embodiments. It will be understood that each block of the
flowchart illustrations and/or block diagrams, and combina-
tions of blocks in the flowchart illustrations and/or block
diagrams, can be implemented by computer program instruc-
tions. These computer program instructions may be provided
to a processor of a general purpose computer, special purpose
computer, or other programmable data processing apparatus
to produce a machine, such that the instructions, which
execute via the processor of the computer or other program-
mable data processing apparatus, create means for imple-
menting the functions/acts specified in the flowchart and/or
block diagram block or blocks.

These computer program instructions may also be stored in
a computer readable storage medium that can direct a com-
puter, other programmable data processing apparatus, or
other devices to function in a particular manner, such that the
instructions stored in the computer readable storage medium
produce an article of manufacture including instructions
which implement the function/act specified in the flowchart
and/or block diagram block or blocks.

The computer program instructions may also be loaded
onto a computer, other programmable data processing appa-
ratus, or other devices to cause a series of operational steps to
be performed on the computer, other programmable appara-
tus or other devices to produce a computer implemented
process such that the instructions which execute on the com-
puter or other programmable apparatus provide processes for
implementing the functions/acts specified in the flowchart
and/or block diagram block or blocks.

With reference now to the figures, and in particular, with
reference to FIG. 1, a diagram of a data processing environ-
ment is provided in which illustrative embodiments may be
implemented. It should be appreciated that FIG. 1 is only
meant as an example and is not intended to assert or imply any
limitation with regard to environments in which different
embodiments may be implemented. Many modifications to
the depicted environment may be made.

FIG. 1 depicts a diagram of a data processing system in
accordance with an illustrative embodiment. Data processing
system 100 is an example of a computer device in which
computer readable program code or instructions implement-
ing processes of illustrative embodiments may be located.
Data processing system 100 may be, for example, a server
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4

computer or a client computer connected to a network, such
as a local area network, a wide area network, an intranet, an
internet, or the Internet. In this illustrative example, data
processing system 100 includes communications fabric 102,
which provides communications between processor unit 104,
memory 106, persistent storage 108, communications unit
110, input/output (/O) unit 112, and display 114.

Processor unit 104 serves to execute instructions for soft-
ware applications or programs that may be loaded into
memory 106. Processor unit 104 may be a set of one or more
processors or may be a multi-processor core, depending on
the particular implementation. Further, processor unit 104
may be implemented using one or more heterogeneous pro-
cessor systems, in which a main processor is present with
secondary processors on a single chip. As another illustrative
example, processor unit 104 may be a symmetric multi-pro-
cessor system containing multiple processors of the same
type.

Memory 106 and persistent storage 108 are examples of
computer readable storage devices 116. A computer readable
storage device is any piece of hardware that is capable of
storing information, such as, for example, without limitation,
data, computer readable program code in functional form,
and/or other suitable information either on a transient basis
and/or a persistent basis. Further, acomputer readable storage
device does not include a propagation medium, such as a
signal or carrier wave. Memory 106, in this example, may be
a main memory device, such as a dynamic random access
memory (DRAM), or any other suitable volatile or non-vola-
tile storage device, of data processing system 100.

Persistent storage 108 may take various forms, depending
on the particular implementation. For example, persistent
storage 108 may contain one or more devices. For example,
persistent storage 108 may be a magnetic hard disc drive
(HDD), a flash memory, a rewritable optical disk, a rewritable
magnetic tape drive, or some combination of the above. The
media used by persistent storage 108 may be removable. For
example, a removable hard disc drive may be used for persis-
tent storage 108.

In this example, persistent storage 108 stores imbalanced
training data set 118, sample data space 120, expectation
maximization algorithm 122, calculated maximum Mahal-
anobis distance, 124, calculated minimum Mahalanobis dis-
tance 126, and ranked distance score buckets 128. Imbal-
anced training data set 118 represents a set of data that
includes highly imbalanced classes of data for a given data
domain. For example, imbalanced data set 118 includes
majority data class 130 and minority data class 132. Majority
data class 130 is a class of data within imbalanced data set 118
that is represented by a relatively large number of known
examples. In contrast, minority data class 132 is a class of
data within imbalanced data set 118 that is sparely repre-
sented by a relatively small number of examples as compared
to the number of examples in majority class 130. Alterna-
tively, minority data class 132 may not be represented by any
known examples. Also, it should be noted that imbalanced
training data set 118 may represent a one class data set. Data
processing system 100 utilizes imbalanced training data set
118 to train a multi-class classifier of a supervised machine
learning program.

Sample data space 120 represents all possible data values
for the given data domain of imbalanced training data set 118.
A data domain is any information relating to a particular topic
or area of interest. Data processing system 100 generates
Gaussian mixture model (GMM) 134 within sample data
space 120 using expectation maximization algorithm 122.
Gaussian mixture model 134 is a statistical method for clus-
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tering data 138 into Gaussian kernels 136. Gaussian kernels
136 represent a set of one or more kernels of clustered data
within sample data space 120.

Data 138 may include any type of recorded data within the
given data domain. Also, data 138 may include domain
knowledge provided by domain experts within the given data
domain in addition to the recorded data. Further, data 138
may include artificial data samples generated by data process-
ing system 100 to be included in minority data class 132. Data
138 include labels 140. Each datum in data 138, whether
recorded or generated, includes a corresponding label. The
label identifies its corresponding datum for clustering by
expectation maximization algorithm 122.

Expectation maximization algorithm 122 is a maximum
likelihood algorithm that fits Gaussian mixture model 134 to
aset of training data, such as imbalanced training data set 118.
It should be noted that expectation maximization algorithm
122 may require an a priori selection of the number of Gaus-
sian kernels 136 to initially include within Gaussian mixture
model 134.

Calculated maximum Mahalanobis distance 124 is a
threshold Mahalanobis distance score with regard to gener-
ated data samples within sample data space 120. Calculated
minimum Mahalanobis distance 126 is a Mahalanobis dis-
tance calculated by data processing system 100 from each
generated data sample within sample data space 120 to a
center of a closest Gaussian kernel in Gaussian mixture model
134. A Mahalanobis distance is a metric that provides a rela-
tive measure of a data point’s distance from a common point,
such as, for example, a determined center point within a
Gaussian kernel. The Mahalanobis distance identifies a
degree of similarity between the generated data samples for
minority data class 132 and the recorded data samples asso-
ciated with majority data class 130. For example, the shorter
the calculated Mahalanobis distance is from a generated data
sample point to a center of a Gaussian kernel of recorded data
samples associated with majority data class 130, the higher
the likelihood that the generated data sample belongs to
majority data class 130 and not to minority data class 132.

If calculated minimum Mahalanobis distance 126 corre-
sponding to a particular generated data sample is equal to or
greater than maximum Mahalanobis distance 124, then data
processing system 100 will discard or eliminate that particu-
lar data sample because that particular data sample is beyond
the maximum threshold distance. In other words, data pro-
cessing system 100 automatically disregards that particular
data sample from being considered as a possible candidate
data sample for minority class 132. If calculated minimum
Mabhalanobis distance 126 corresponding to a particular gen-
erated data sample is less than maximum Mahalanobis dis-
tance 124, then data processing system 100 will store that
particular data sample within a corresponding bucket in
ranked distance score buckets 128.

Ranked distance score buckets 128 represent a plurality of
buckets that store generated data samples based on their
respective minimum Mahalanobis distance. Ranked distance
score buckets 128 are ranked in descending order from a
highest distance score bucket to a lowest distance score
bucket. A highest distance score bucket stores generated data
samples with a relatively high distance score (i.e., a generated
data sample with a long calculated minimum Mahalanobis
distance 126). In contrast, a lowest distance score bucket
stores generated data samples with a relatively low distance
score (i.e., a generated data sample with a short calculated
minimum Mahalanobis distance 126).

Each bucket within ranked distance score buckets 128
includes distance score range 142. Distance score range 142
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represents a predetermined range of distance scores that will
be stored within a particular bucket. In other words, each
bucket stores generated data samples having a calculated
minimum Mahalanobis distance score within the predeter-
mined range of distance scores associated with that particular
bucket.

Communications unit 110, in this example, provides for
communication with other data processing systems and com-
puting devices. Communications unit 110 may provide com-
munications through the use of either or both physical and
wireless communications links. The physical communica-
tions link may utilize, for example, a wire, cable, universal
serial bus, or any other physical technology to establish a
physical communications link for data processing system
100. The wireless communications link may utilize, for
example, shortwave, high frequency, ultra high frequency,
microwave, wireless fidelity (Wi-F1), bluetooth technology,
global system for mobile communications (GSM), code divi-
sion multiple access (CDMA), second-generation (2G),
third-generation (3G), fourth-generation (4G), or any other
wireless communication technology or standard to establish a
wireless communications link for data processing system
100.

Input/output unit 112 allows for the input and output of
data with other devices that may be connected to data pro-
cessing system 100. For example, input/output unit 112 may
provide a connection for user input through a keypad, a key-
board, a mouse, and/or some other suitable input device.
Display 114 provides a mechanism to display information to
a user. In addition, display 114 may provide touch screen
capabilities.

Instructions for the operating system, applications, and/or
programs may be located in storage devices 116, which are in
communication with processor unit 104 through communi-
cations fabric 102. In this illustrative example, the instruc-
tions are in a functional form on persistent storage 108. These
instructions may be loaded into memory 106 for running by
processor unit 104. The processes of the different embodi-
ments may be performed by processor unit 104 using com-
puter implemented instructions, which may be located in a
main memory, such as memory 106. These instructions are
referred to as program code, computer usable program code,
or computer readable program code that may be read and run
by a processor in processor unit 104. The program code, in the
different embodiments, may be embodied on different physi-
cal computer readable storage devices, such as memory 106
or persistent storage 108.

Program code 144 is located in a functional form on com-
puter readable media 146 that is selectively removable and
may be loaded onto or transferred to data processing system
100 for running by processor unit 104. Program code 144 and
computer readable media 146 form computer program prod-
uct 148. In one example, computer readable media 146 may
be computer readable storage media 150 or computer read-
able signal media 152. Computer readable storage media 150
may include, for example, an optical or magnetic disc that is
inserted or placed into a drive or other device that is part of
persistent storage 108 for transfer onto a storage device, such
as a magnetic hard disc drive, that is part of persistent storage
108. Computer readable storage media 150 also may take the
form of a persistent storage device, such as a hard drive, a
thumb drive, or a flash memory that is connected to data
processing system 100. In some instances, computer readable
storage media 150 may not be removable from data process-
ing system 100.

Alternatively, program code 144 may be transferred to data
processing system 100 using computer readable signal media
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152. Computer readable signal media 152 may be, for
example, a propagated data signal containing program code
144. For example, computer readable signal media 152 may
be an electro-magnetic signal, an optical signal, and/or any
other suitable type of signal. These signals may be transmit-
ted over communication links, such as wireless communica-
tion links, an optical fiber cable, a coaxial cable, a wire, and/or
any other suitable type of communications link. In other
words, the communications link and/or the connection may
be physical or wireless in the illustrative examples. The com-
puter readable media also may take the form of non-tangible
media, such as communication links or wireless transmis-
sions containing the program code.

In some illustrative embodiments, program code 144 may
be downloaded over a network to persistent storage 108 from
another device or data processing system through computer
readable signal media 152 for use within data processing
system 100. For instance, program code stored in a computer
readable storage media in a server data processing system
may be downloaded over a network from the server to data
processing system 100. The data processing system providing
program code 144 may be a server computer, a client com-
puter, or some other device capable of storing and transmit-
ting program code 144.

The different components illustrated for data processing
system 100 are not meant to provide architectural limitations
to the manner in which different embodiments may be imple-
mented. The different illustrative embodiments may be
implemented in a data processing system including compo-
nents in addition to, or in place of, those illustrated for data
processing system 100. Other components shown in FIG. 1
can be varied from the illustrative examples shown. The dif-
ferent embodiments may be implemented using any hardware
device or system capable of executing program code. As one
example, data processing system 100 may include organic
components integrated with inorganic components and/or
may be comprised entirely of organic components excluding
a human being. For example, a storage device may be com-
prised of an organic semiconductor.

As another example, a computer readable storage device in
data processing system 100 is any hardware apparatus that
may store data. Memory 106, persistent storage 108, and
computer readable storage media 150 are examples of physi-
cal computer readable storage devices in a tangible form.

In another example, a bus system may be used to imple-
ment communications fabric 102 and may be comprised of
one or more buses, such as a system bus or an input/output
bus. Of course, the bus system may be implemented using any
suitable type of architecture that provides for a transfer of data
between different components or devices attached to the bus
system. Additionally, a communications unit may include one
or more devices used to transmit and receive data, such as a
modem or a network adapter. Further, a memory may be, for
example, memory 106 or a cache such as found in an interface
and memory controller hub that may be present in communi-
cations fabric 102.

In order to provide an effective solution for supervised
machine learning programs with regard to a highly imbal-
anced data set or a one class data set, illustrative embodiments
generate artificial data samples and inject the generated data
samples into a minority class in order to balance the data
across the different data classes (i.e., the majority class and
the minority class) within the data set. Illustrative embodi-
ments are amenable to parallelization and, therefore, may be
used for processing massive data sets on high performance
computing platforms.
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A key feature of illustrative embodiments consists of gen-
erating a constrained Gaussian mixture model of candidate
data samples and bucket ranking the candidate data samples
to evaluate the usefulness of the candidate data samples.
Basically, illustrative embodiments identify a set of data
samples that are less likely to be included in the majority data
class and let the set of data samples that are less likely to be
included in the majority data class represent the data distri-
bution of the minority data class. [llustrative embodiments
then balance the existing data and the identified set of data
samples. [llustrative embodiments use both the existing data
and the identified data to traina multi-class classifier model of
a supervised machine learning program. For the sake of sim-
plicity, the discussion of the different illustrative embodi-
ments assumes a two class imbalanced data set, where the
minority data class only includes a few data samples or
examples. However, it should be noted that the imbalanced
data set may include more than two data classes. For example,
the imbalanced data set may include a set of one or more
majority classes and a set of one or more minority classes.

Ilustrative embodiments use the constrained Gaussian
mixture model to estimate the data distribution of the majority
data class, while using a minority data class to provide the
constraints on the Gaussian mixture model. However, it
should be noted that illustrative embodiments may utilize a
set of one or more minority data classes to provide the con-
straints on the Gaussian mixture model. In other words, the
illustrative embodiments may utilize a plurality of minority
data classes to provide the constraints. To estimate the data
distribution of the majority data class, illustrative embodi-
ments initialize a Gaussian mixture model and compute the
model parameters using an expectation maximization (EM)
algorithm. In addition, illustrative embodiments uniformly
select a set of data samples from a feasible sample space.
Further, illustrative embodiments consider the constraints
that arise from the set of minority data classes. If data samples
from a minority class show a high likelihood to be included in
the data distribution of the majority class estimated by the
Gaussian mixture model, illustrative embodiments increase
the number of Gaussian kernels of the Gaussian mixture
model to improve the data distribution estimate.

After illustrative embodiments determine the estimated
data distribution of the majority data class, illustrative
embodiments then evaluate the candidacy of the generated
data samples. [llustrative embodiments score each generated
data sample according to its distance to the estimated data
distribution of the majority class. In other words, illustrative
embodiments score each generated data sample by measuring
a minimum Mahalanobis distance from a generated data
sample to a center of a nearest Gaussian kernel of the Gaus-
sian mixture model. The Mahalanobis distance considers the
influence of covariance.

Iustrative embodiments rank the generated data samples
according to their respective distance scores. Illustrative
embodiments discard or eliminate those generated data
samples with low distance scores. The generated data
samples with low scores are data samples that are too close to
the majority data class distribution and, therefore, are more
likely to be included in the majority data class and less likely
to be included in the minority data class. [llustrative embodi-
ments utilize bucket ranking to reduce complexity and make
illustrative embodiments suitable for parallelization.

In contrast to down data sampling methods, illustrative
embodiments are able to work on highly imbalanced data sets
and on one class data sets. Down data sampling is the process
of balancing data across classes by reducing the number of
data samples in the majority data class. However, illustrative
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embodiments do not discard any of the existing known data
from the training data set. In contrast to traditional one data
class problems, illustrative embodiments consider the con-
straints due to the known data in the minority class and
automatically determine the appropriate number of Gaussian
kernels within a Gaussian mixture model based on the con-
straints. This ensures that illustrative embodiments will not
ignore any known anomalies in the data of the minority class.
In summary, compared to known techniques, illustrative
embodiments efficiently leverage known data and enable par-
allelization. Therefore, illustrative embodiments are able to
increase the performance of multi-class classifier models in
supervised machine learning programs.

Thus, illustrative embodiments of the present invention
provide a computer-implemented method, computer system,
and computer program product for injecting generated data
samples into a minority data class of an imbalanced training
data set. It should be noted that in the description of the
different illustrative embodiments, data samples within the
minority data class or data samples that are being injected into
the minority data class are known as positive data samples.
Also, data samples within the majority data class are known
as negative data samples. In response to a computer receiving
an input to balance the imbalanced training data set that
includes the majority data class and the minority data class,
the computer generates a set of positive data samples for the
minority data class of the imbalanced training data set. The
computer calculates a distance from each data sample in the
set of positive data samples to a center of a kernel that
includes a set of negative data samples of the majority data
class. The computer stores each data sample in the set of
positive data samples within a corresponding distance score
bucket based on the calculated distance of a data sample. The
computer selects positive data samples from a predetermined
number of highest ranking distance score buckets. The com-
puter injects the positive data samples selected from the pre-
determined number of highest ranking distance score buckets
into the minority data class to balance a number of positive
data samples in the minority data class with a number of
negative data samples in the majority data class.

With reference now to FIG. 2, a diagram illustrating an
example of scoring data samples is depicted in accordance
with an illustrative embodiment. Scoring generated data
samples process 200 may be implemented in a computer, such
as data processing system 100 in FIG. 1. Scoring generated
data samples process 200 is a process of calculating distance
scores for generated data samples.

In this example, scoring generated data samples process
200 utilizes sample data space 202, such as sample data space
120 in FIG. 1. Sample data space 202 represents all possible
data values for a given data domain. Sample data space 202
includes Gaussian mixture model 204, such as Gaussian mix-
ture model 134 in FIG. 1. The computer utilizes an expecta-
tion maximization algorithm, such as expectation maximiza-
tion algorithm 122 in FIG. 1, to estimate the distribution of a
majority data class of an imbalanced training data set using
Gaussian mixture model 204 with three Gaussian kernels
(i.e., Gaussian kernel 206, Gaussian kernel 208, and Gaussian
kernel 210). The majority data class of the imbalanced train-
ing data set may be, for example, majority data class 130 of
imbalanced training data set 118 in FIG. 1.

Also in this example, the computer samples generated data
sample X 218 and generated data sample Y 220 as candidate
data samples for a minority data class, such as minority data
class 132 in FIG. 1. For each candidate data sample, the
computer draws arrows from a particular candidate data
sample to each Gaussian kernel center, such as center 212,
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center 214, and center 216. The computer calculates the dis-
tance using the Mahalanobis distance to take into account the
data distribution.

The computer uses minimum Mahalanobis distance 222 to
center 214 of Gaussian kernel 208 as the distance score for
candidate generated data sample X 218. Similarly, the com-
puter uses minimum Mahalanobis distance 224 to center 216
of Gaussian kernel 210 as the distance score for candidate
generated data sample Y 220. The computer continues to
calculate distance scores for other candidate data samples in
sample data space 202. Then, the computer ranks each of the
candidate data samples based on their respective distance
scores and eliminates those candidate data samples with low
distance scores because candidate data samples with low
distance scores are less likely to be included in the minority
data class and more likely to be included in the majority data
class.

The computer ranks all the candidate data samples by
placing the candidate data samples into corresponding buck-
ets based on the calculated distance scores associated with
each candidate data sample. Bucket ranking provides a fast
sorting mechanism for candidate data samples in parallel. The
computer then selects candidate data samples from a top
number of buckets storing candidate data samples with the
highest distance scores. However, it should be noted that
illustrative embodiments are not limited to ranking candidate
data samples using buckets. In other words, bucket ranking is
just one possible way for an illustrative embodiment to rank
the candidate data samples. Alternative illustrative embodi-
ments may utilize other data ranking methods to rank the
candidate data samples for later selection.

Afterward, the computer injects the candidate data samples
selected from the top number of buckets into the minority
class to balance the number of data samples in the minority
data class with the number of data samples in the majority
data class without downsizing the number of data samples in
the majority data class. Further, the computer does not modify
or replace any labels of existing data samples in the training
data set. The computer gives labels to all data samples and the
given labels are correct. The output is a labeled and balanced
dataset ready for classification.

It should be noted that the computer may generate the
candidate data samples from the imbalanced training data set.
The computer may utilize a hybrid approach to generate the
candidate data samples using recorded statistical data for a
given data domain and domain knowledge. Domain knowl-
edge is defined as a set of data representing a class of data with
very little or no data (i.e., a minority data class). If data does
exist for the minority data class, then the known data may
serve as domain knowledge. If data does not exist for the
minority data class, then domain experts provide the domain
knowledge. For example, in the application of brain signal
classification, medical doctors may provide the domain
knowledge of brain signals pathognomonic of a particular
brain disease.

Also it should be noted that the computer may utilize a
pre-computed maximum Mahalanobis distance, such as cal-
culated maximum Mahalanobis distance 124 in FIG. 1. The
maximum Mahalanobis distance serves as a threshold dis-
tance score value. For example, if a candidate data sample has
a calculated distance score equal to or greater than the pre-
computed maximum Mahalanobis distance, then the com-
puter will not place that particular data sample into a bucket.
In other words, the computer will not consider that particular
data sample as a candidate for inclusion in the minority data
class.
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Further, given the pre-computed maximum Mahalanobis
distance, the computer generates a predetermined number of
buckets for storing the candidate data samples. Each bucketin
the predetermined number of generated buckets represents a
range of distance scores associated with candidate data
samples. For example, the computer stores a candidate data
sample within a corresponding bucket based on the candidate
data sample’s distance score falling within the range of dis-
tance scores assigned to that bucket. [llustrative embodiments
may store the candidate data samples in the number of buck-
ets in parallel.

Furthermore, the computer determines the number of nega-
tive data samples in the majority data class. The computer
then selects the positive candidate data samples from the top
number of buckets so that the number of positive candidate
data samples is less than the determined number of negative
data samples in the majority data class, while the positive
candidate data samples in a next bucket outside the top num-
ber of buckets will make the number of positive candidate
data samples greater that the determined number of negative
data samples. The computer selects a number of positive
candidate data samples from the next bucket, where the num-
ber of positive data samples selected from the next bucket is
equal to a difference between the determined number of nega-
tive data samples in the majority data class and the number of
positive candidate data samples from the top number of buck-
ets. For example, assume that the determined number of
negative data samples in the majority data class is 100 and that
the number of positive candidate data samples in the top
number of buckets is 99. Consequently, the computer selects
one (1) more positive candidate data sample from the next
bucket adjacent to the top number of buckets to make 100
positive candidate data samples for the minority data class.
Thus, the computer balances the number of negative data
samples in the majority data class (100) with the number of
positive data samples for the minority data class (100).

With reference now to FIG. 3, a diagram illustrating an
example of an expectation maximization algorithm for esti-
mating parameters of a Gaussian mixture model in parallel is
depicted in accordance with an illustrative embodiment.
Expectation maximization algorithm 300 may be, for
example, expectation maximization algorithm 122 in FIG. 1.
The Gaussian mixture model may be, for example, Gaussian
mixture model 204 in FIG. 2.

Expectation maximization algorithm 300 includes math-
ematical formula 302 that calculates a likelihood of generated
positive data samples being included in a majority data class,
such as majority data class 130 in FIG. 1. In addition, expec-
tation maximization algorithm 300 also includes mathemati-
cal formulas 304 that update the parameters of each Gaussian
kernel within the Gaussian mixture model, such as Gaussian
kernels 206, 208, and 210 in FIG. 2. The parameters of the
Gaussian kernels may be, for example, a size of a Gaussian
kernel, a mean vector to a Gaussian kernel, a covariance
matrix within a Gaussian kernel, et cetera. Further, expecta-
tion maximization algorithm 300 includes mathematical for-
mula 306 for synchronization across all processors. It should
be noted that local compute 308 may be performed on a
number of remote computers connected via a network. Also it
should be noted at presumption 310 that y, ; in mathematical
formulas 302, 304, and 306 are independent and identically
distributed (i.i.d.) random variables for all i and j.

Expectation maximization algorithm 300 is a modified
expectation maximization algorithm for Gaussian mixture
model parameter learning because the computer uses known
data samples from the minority data class to see whether the
computer needs to update or change the number of Gaussian
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kernels within the Gaussian mixture model. If a minority data
sample shows a high likelihood with respect to the distribu-
tion of the data from the majority data class, then the com-
puter determines thatto be a violation of the constraints on the
Gaussian mixture model. In this case, the computer increases
the number of Gaussian kernels so that the computer may
have more Gaussian kernels to improve the data distribution.
Expectation maximization algorithm 300 shows a way to
update the parameters in parallel, assuming the data are dis-
tributed across a number of processors on different comput-
ing sites with a number of data.

With reference now to FIGS. 4A-4B, a flowchart illustrat-
ing a process for injecting generated data samples into a
minority data class to balance an imbalanced training data set
is shown in accordance with an illustrative embodiment. The
process shown in FIGS. 4A-4B may be implemented in a
computer, such as, for example, data processing system 100
in FIG. 1.

The process begins when the computer receives an input to
balance an imbalanced training data set that includes a major-
ity data class and a minority data class, such as imbalanced
training data set 118 that includes majority data class 130 and
minority data class 132 in FIG. 1 (step 402). Afterward, the
computer generates a set of positive data samples for the
minority data class of the imbalanced training data set (step
404). The computer may draw positive data samples from a
data distribution that covers a feasible sample space, such as
sample data space 202 in FIG. 2. The number of positive data
samples drawn from the data distribution plus known data
samples from the minority class is more than the number of
negative data samples in the majority class because the com-
puter will discard some of the positive data samples.

In addition, the computer utilizes an expectation maximi-
zation algorithm to determine a Gaussian mixture model that
includes a number of Gaussian kernels comprising negative
data samples of the majority data class of the imbalanced
training data set (step 406). The expectation maximization
algorithm may be, for example, expectation maximization
algorithm 300 in FIG. 3. The Gaussian mixture model that
includes the number of Gaussian kernels comprising negative
data samples of the majority data class may be, for example,
Gaussian mixture model 204 that includes Gaussian kernels
206, 208, and 210 in FIG. 2. The computer uses the expecta-
tion maximization algorithm to estimate the Gaussian mix-
ture model and uses the known data samples from the minor-
ity data class to constrain the Gaussian mixture model. In
particular, the computer leverages the known data samples
from the minority data class to calculate the appropriate num-
ber of Gaussian kernels to be included in the Gaussian mix-
ture model.

The computer also calculates a maximum Mahalanobis
distance, such as calculated maximum Mahalanobis distance
124 in FIG. 1, for the set of positive data samples (step 408).
Further, the computer calculates a Mahalanobis distance from
each data sample in the set of positive data samples to a center
of each of the number of Gaussian kernels, such as center 212,
214, and 216 in FIG. 2, within the Gaussian mixture model
(step 410). Then, the computer determines a minimum
Mahalanobis distance from each data sample in the set of
positive data samples to the center of a nearest Gaussian
kernel in the number of Gaussian kernels (step 412). The
minimum Mahalanobis distance may be, for example, calcu-
lated minimum Mahalanobis distance 126 in FIG. 1. The
scoring method may be expressed as, for example:
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Score(x) = mindy (x. 4;) = miny (x = )7 (x = 1)
= =

where x is the positive data sample to score; J is the number of
Gaussian kernels to be included in the Gaussian mixture
model; and p, and S; are the mean vector parameter and the
covariance matrix parameter, respectively, for each Gaussian
kernel.

The computer utilizes the minimum Mahalanobis distance
corresponding to each data sample in the set of positive data
samples as a distance score for a respective data sample (step
414). Subsequently, the computer discards data samples in
the set of positive data samples having a minimum Mahal-
anobis distance equal to or greater than the calculated maxi-
mum Mahalanobis distance for the set of positive data
samples (step 416). In addition, the computer generates a
number of buckets that are ranked in descending order from a
highest distance score bucket to a lowest distance score
bucket, each bucket in the number of buckets to store positive
data samples having a distance score within a predetermined
range of distance scores associated with that particular bucket
(step 418). The number of buckets that are ranked in descend-
ing order may be, for example, ranked distance score buckets
128 in FIG. 1. The predetermined range of distance scores
associated with a particular bucket may be, for example,
distance score range 142 in FIG. 1.

Afterward, the computer stores each remaining positive
data sample within a corresponding distance score bucket
having a predetermined distance score range based on the
distance score of the respective data sample (step 420). Then,
the computer selects positive data samples having a high
distance score from a predetermined number of highest rank-
ing distance score buckets in the number of buckets (step
422). Further, the computer injects the positive data samples
selected from the predetermined number of highest ranking
distance score buckets into the minority data class to balance
a number of positive data samples in the minority data class
with a number of negative data samples in the majority data
class (step 424). Thereafter, the process terminates.

With reference now to FIG. 5, a flowchart illustrating a
process for determining a number of Gaussian kernels within
a Gaussian mixture model is shown in accordance with an
illustrative embodiment. The process shown in FIG. 5 may be
implemented in a computer, such as, for example, data pro-
cessing system 100 in FIG. 1. In addition, the process shown
in FIG. 5 may be implemented in step 406 of FIG. 4.

The process begins when the computer generates a number
of Gaussian kernels within a Gaussian mixture model based
on generated positive data samples (step 502). The number of
Gaussian kernels within the Gaussian mixture model may be,
for example, Gaussian kernels 206, 208, and 210 within
Gaussian mixture model 204 in FIG. 2. In addition, the com-
puter calculates a likelihood of the generated positive data
samples being included in a majority data class of an imbal-
anced training data set (step 504). For example, the computer
uses mathematical formula 302 in FIG. 3 to calculate the
likelihood of a generated positive data sample being included
in a majority data class.

Further, the computer updates parameters of each Gaussian
kernel in the number of Gaussian kernels based on the like-
lihood of the generated positive data samples being included
in the majority data class of the imbalanced training data set
(step 506). For example, the computer uses mathematical
formulas 304 in FIG. 3 to update the parameters of each
Gaussian kernel. Then, the computer adjusts each Gaussian
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kernel in the number of Gaussian kernels based on the
updated parameters (step 508). Afterward, the computer
makes a determination as to whether the number of Gaussian
kernels is converging based on the updated parameters of
each Gaussian kernel (step 510).

If the computer determines that the number of Gaussian
kernels is not converging based on the updated parameters of
each Gaussian kernel, no output of step 510, then the process
returns to step 504 where the computer again calculates the
likelihood of the generated positive data samples being
included in the majority data class. If the computer deter-
mines that the number of Gaussian kernels is converging
based on the updated parameters of each Gaussian kernel, yes
output of step 510, then the computer makes a determination
as to whether a likelihood is high that the generated positive
data samples are included in the majority data class (step
512). If the computer determines that the likelihood is high
that the generated positive data samples are included in the
majority data class, yes output of step 512, then the computer
updates the number of Gaussian kernels by increasing the
number of Gaussian kernels based on the likelihood that the
generated positive data samples are included in the majority
data class (step 514). Thereafter, the process returns to step
504 where the computer again calculates the likelihood of the
generated positive data samples being included in the major-
ity data class. If the computer determines that the likelihood is
low that the generated positive data samples are included in
the majority data class, no output of step 512, then the process
terminates thereafter.

Thus, illustrative embodiments provide a computer-imple-
mented method, computer program product, and computer
system for injecting generated data samples into a minority
data class to balance an imbalanced training data set. The
descriptions of the various illustrative embodiments have
been presented for purposes of illustration, but are not
intended to be exhaustive or limited to the embodiments
disclosed. Many modifications and variations will be appar-
ent to those of ordinary skill in the art without departing from
the scope and spirit of the described embodiment. The termi-
nology used herein was chosen to best explain the principles
of the embodiment, the practical application or technical
improvement over technologies found in the marketplace, or
to enable others of ordinary skill in the art to understand the
embodiments disclosed here.

The flowchart and block diagrams in the figures illustrate
the architecture, functionality, and operation of possible
implementations of computer systems, computer imple-
mented methods, and computer program products according
to various illustrative embodiments. In this regard, each block
in the flowchart or block diagrams may represent a module,
segment, or portion of code, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). It should also be noted that, in some alterna-
tive implementations, the functions noted in the block may
occur out of the order noted in the figures. For example, two
blocks shown in succession may, in fact, be executed substan-
tially concurrently, or the blocks may sometimes be executed
in the reverse order, depending upon the functionality
involved. It will also be noted that each block of the block
diagrams and/or flowchart illustration, and combinations of
blocks in the block diagrams and/or flowchart illustration, can
be implemented by special purpose hardware-based systems
that perform the specified functions or acts, or combinations
of special purpose hardware and computer instructions.
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What is claimed is:
1. A computer-implemented method for injecting gener-
ated artificial data samples into a minority data class of an
imbalanced training data set, the computer-implemented
method comprising:
responsive to a computer receiving an input to balance the
imbalanced training data set that includes a majority
data class and the minority data class, generating, by the
computer, a set of artificial data samples for the minority
data class of the imbalanced training data set;

calculating, by the computer, a distance from each data
sample in the set of generated artificial data samples to a
center of a kernel that includes a set of data samples of
the majority data class;
storing, by the computer, each data sample in the set of
generated artificial data samples within a corresponding
distance score bucket based on the calculated distance of
a data sample;

selecting, by the computer, generated artificial data
samples from a predetermined number of highest rank-
ing distance score buckets; and

injecting, by the computer, the generated artificial data

samples selected from the predetermined number of
highest ranking distance score buckets into the minority
data class to balance a size of the minority data class with
a size of the majority data class.

2. The computer-implemented method of claim 1, further
comprising:

utilizing, by the computer, an expectation maximization

algorithm to determine a model that includes a number
of'kernels comprising data samples of the majority data
class of the imbalanced training data set.

3. The computer-implemented method of claim 2, further
comprising:

generating, by the computer, the number of kernels within

the model based on the set of generated artificial data
samples;

calculating, by the computer, a likelihood of the set of

generated artificial data samples being included in the
majority data class of the imbalanced training data set;
and

updating, by the computer, parameters of each kernel in the

number of kernels based on the likelihood of the set of
generated artificial data samples being included in the
majority data class of the imbalanced training data set.

4. The computer-implemented method of claim 3, further
comprising:

adjusting, by the computer, each kernel in the number of

kernels based on the updated parameters.

5. The computer-implemented method of claim 3, further
comprising:

responsive to the computer determining that the likelihood

of the set of generated artificial data samples being
included in the majority data class is high, increasing, by
the computer, the number of kernels in the model.

6. The computer-implemented method of claim 2, further
comprising:

determining, by the computer, a minimum distance from

each data sample in the set of generated artificial data
samples to the center of a nearest kernel in the number of
kernels; and

utilizing, by the computer, the minimum distance corre-

sponding to each data sample in the set of generated
artificial data samples as a distance score for a respective
data sample.
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7. The computer-implemented method of claim 6, further
comprising:

calculating, by the computer, a maximum distance for the
set of generated artificial data samples; and

discarding, by the computer, data samples in the set of
generated artificial data samples having a determined
minimum distance equal to or greater than the calculated
maximum distance for the set of generated artificial data
samples.

8. The computer-implemented method of claim 6, further

comprising:

generating, by the computer, a number of buckets that are
ranked in descending order from a highest distance score
bucket to a lowest distance score bucket, wherein each
bucket in the number of buckets stores generated artifi-
cial data samples having distance scores within a prede-
termined range of distance scores associated with that
particular bucket.

9. The computer-implemented method of claim 2, wherein

the model is a Gaussian mixture model.

10. The computer-implemented method of claim 9,
wherein a set of one or more minority data classes provide
constraints on the Gaussian mixture model.

11. The computer-implemented method of claim 1,
wherein the calculated distance is a calculated Mahalanobis
distance.

12. The computer-implemented method of claim 1,
wherein each generated artificial data sample in the minority
data class and each data sample in the majority data class
includes a label to identify a data sample.

13. A computer system for injecting generated artificial
data samples into a minority data class of an imbalanced
training data set, the computer system comprising:

a bus system;

a storage device connected to the bus system, wherein the
storage device stores computer readable program code;
and

a processor unit connected to the bus system, wherein the
processor unit executes the computer readable program
code to generate a set of artificial data samples for the
minority data class of the imbalanced training data set in
response to receiving an input to balance the imbalanced
training data set that includes a majority data class and
the minority data class; calculate a distance from each
data sample in the set of generated artificial data samples
to a center of a kernel that includes a set of data samples
of the majority data class; store each data sample in the
set of generated artificial data samples within a corre-
sponding distance score bucket based on the calculated
distance of a data sample; select generated artificial data
samples from a predetermined number of highest rank-
ing distance score buckets; and inject the generated arti-
ficial data samples selected from the predetermined
number of highest ranking distance score buckets into
the minority data class to balance a size of the minority
data class with a size of the majority data class.

14. The computer system of claim 13, wherein the proces-
sor unit further executes the computer readable program code
to utilize an expectation maximization algorithm to deter-
mine a model that includes a number of kernels comprising
data samples of the majority data class of the imbalanced
training data set.

15. A computer program product stored on a non-transitory
computer readable storage medium having computer read-
able program code encoded thereon that is executable by a
computer for injecting generated artificial data samples into a
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minority data class of an imbalanced training data set, the
computer program product comprising:
computer readable program code to generate a set of arti-
ficial data samples for the minority data class of the
imbalanced training data set in response to receiving an
input to balance the imbalanced training data set that
includes a majority data class and the minority data
class;
computer readable program code to calculate a distance
from each data sample in the set of generated artificial
data samples to a center of a kernel that includes a set of
data samples of the majority data class;
computer readable program code to store each data sample
in the set of generated artificial data samples within a
corresponding distance score bucket based on the calcu-
lated distance of a data sample;
computer readable program code to select generated arti-
ficial data samples from a predetermined number of
highest ranking distance score buckets; and
computer readable program code to inject the generated
artificial data samples selected from the predetermined
number of highest ranking distance score buckets into
the minority data class to balance a size of the minority
data class with a size of the majority data class.
16. The computer program product of claim 15, further
comprising:
computer readable program code to utilize an expectation
maximization algorithm to determine a model that
includes a number ofkernels comprising data samples of
the majority data class of the imbalanced training data
set.
17. The computer program product of claim 16, further
comprising:
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computer readable program code to generate the number of
kernels within the model based on the set of generated
artificial data samples;
computer readable program code to calculate a likelihood
of the set of generated artificial data samples being
included in the majority data class of the imbalanced
training data set; and
computer readable program code to update parameters of
each kernel in the number of kernels based on the like-
lihood of the set of generated artificial data samples
being included in the majority data class of the imbal-
anced training data set.
18. The computer program product of claim 17, further
comprising:
computer readable program code to adjust each kernel in
the number of kernels based on the updated parameters.
19. The computer program product of claim 17, further
comprising:
computer readable program code to increase the number of
kernels in the model in response to determining that the
likelihood of the set of generated artificial data samples
being included in the majority data class is high.
20. The computer program product of claim 16, further
comprising:
computer readable program code to determine a minimum
distance from each data sample in the set of generated
artificial data samples to the center of a nearest kernel in
the number of kernels; and
computer readable program code to utilize the minimum
distance corresponding to each data sample in the set of
generated artificial data samples as a distance score for a
respective data sample.
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